Truck allocation problems are considered as one of the most substantial factors in the achievement of planned production capacity in the mining industry. Traditional truck allocation techniques (e.g. mathematical programming, queueing theories) have undergone different levels of simplifications in formulating actual haulage operations under heterogeneous circumstances. In this study, the truck allocation problem is analysed through the development of the simulationbased optimization (SBO) method for the optimization of truck assignment considering uncertainties during fleet operation. This method provides an integrated structure by the simultaneous combination of optimization and stochastic discrete-event simulation. The objective function is to minimize the total number of trucks for haulage operation with discrete-event simulation employed to model the constraints. As a case study, the fleet operation of the Sungun copper mine is investigated to accomplish an optimal truck allocation for various working benches in the mine site. Operation details are evaluated through different indicators such as utilization, waiting times, and the amount of transported materials for each working bench. Finally, the operation bottlenecks are recognized for each situation.
Introduction
A shovel-truck system is considered as one of the most prevalent raw material transportation systems in open-pit mines. This kind of system has several advantages compared to other methods such as mobility, climbing ability and short cycle times. However, loading and hauling equipment are considered as costly assets, leading to vital capital and operating costs. Nowadays, mining companies have employed diverse approaches to mitigate their costs and improve fleet capacity such as increasing capacities of the shovels and trucks, optimization of fleet size, efficient truck dispatching policies, as well as enhancement of fleet performance and reliability.
Truck allocation plays a significant role in fleet efficiency and productivity in the mining industry. As a matter of fact, an imprecise determination of the required number of trucks leads to major challenges during a haulage operation including shovel idle times (undertrucked estimations), truck waiting times and queues at shovels (over-trucked estimations).
There are various studies for modelling and the optimization of truck allocation problems. In the studies, different objectives have been considered for truck allocation problems, encompassing the minimization of the number of trucks or the maximization of raw material production. Most of the approaches were associated with steady-state estimation procedures without considering effective factors like haul road circumstance, stochastic cycle times, truck waiting times, truck breakdowns, real-time dispatching policies, as well as the shovel-truck match factor (Krzyzanowska, 2007; Burt and Caccetta, 2014; Chaowasakoo et al., 2017) . These kinds of analyses ignore to investigate the actual haulage fleet operation, which leads to vague and imprecise estimation procedures (Moniri-Morad et al., 2019) . The common steady-state allocation methods can be categorized into analytical techniques, mathematical programming and queueing theory.
An analytical technique was proposed by Zhang to compute the optimal fleet size to fulfil the transportation goals (Zhang and Xia, 2015) . Mathematical programming has been developed by several authors such as The DES overcomes the limitations and deficiencies of the previous techniques such as analytical methods, mathematical programming, and queueing theories. In other words, it formulates the actual haulage operation with a lower level of simplification, a high level of operational constraints and stochastic phenomena. However, it is necessary to optimize the simulation model to reach the desirable goals.
This study is aimed to develop a simulation-based optimization method for the allocation of trucks to a loading system. In this approach, the optimal truck allocation is derived by modelling and formulation of stochastic procedures during a haulage operation comprising waiting times of trucks, shovel idle times, stochastic times for truck load, haul, dump and return processes. The optimization program is involved in two key parts including mixed integer programming as an objective function and developing DES for modelling haulage operation constraints. The proposed simulation-based optimization method works based on making a systematic linkage between the objective function and DES model in such a way that the DES is consecutively connected to the objective function and evaluates it until the optimum solutions are found.
Methods
Simulation optimization approaches are considered as an alternative where there are complex operations and stochastic processes. In this study, a simulation-based optimization method is developed to make the best truck assignments for each working bench in open pit mines. Figure 1 demonstrates the step-by-step research methodology for a simulation-based optimization model. To configure the model, an objective function is developed for the allocation problem, then a DES model is considered to formulate the operation constraints. The proposed methodology is comprised of an objective func-tion, production constraints and operation constraints, which are characterized by the development of the DES model for an actual haulage operation.
Objective function
According to Figure 1 , step 1 coincides with the definition of a system, specifying decision variables, model parameters, as well as mathematical formulation of the objective function for the optimization program. The mathematical expression (1) is represented for the objective function as follows:
(1) where:
y aw -the number of allocated truck type (w) to shovel (a); β -penalty value, which is devoted to the objective function; R aw -the amount of transported material from shovel (a) by truck type (w). The objective function is characterized to capture a minimum number of allocations of truck type (w) to shovel (a). In the objective function, a positive penalty value is devoted to β when the extracted material (R aw ) is less than the planned production capacity (P). Otherwise, the β value is set to zero. In this way, the minimum expected value is obtained for the objective function.
Model constraints
Step 2 deals with the modeling and formulation of optimization constraints. There are two types of constraints (2) and (3) comprising production and operation constraints.
Production constraints
(2)
where: P -the planned production capacity; R aw -the amount of transported material from shovel (a) by truck type (w). The constraint (2) is considered as a production constraint, which ensures that the amount of the extracted material is more than the minimum amount of the production plan. As mentioned before, the value of parameter (β) depends on the the constraint (2). As a matter of fact, it is set to zero when . Otherwise, a positive penalty value is devoted to the objective function. Expression (3) enforces the integrality and non-negativity of integer and continuous decision variables, respectively.
Operation constraints
In general, the complexity of a mining operation leads to the utilization of tools with higher flexibility for recognizing and optimization of the operational bottlenecks. Simulation techniques are widely considered to imitate the natural paradigms and infrastructures of certain frameworks. In this regard, a haulage operation is carried out under stochastic and uncertain conditions. To simulate such a stochastic environment, there are two types of simulation techniques including static and dynamic simulation. The static simulation model describes a system state at a specific point of time. In other words, there is no demand for making an explicit model of changes during a span of time. Monte Carlo simulation is considered as a kind of static simulation model. A dynamic simulation characterizes a system during an interval of time. Furthermore, a dynamic simulation model can be classified as a discrete or continuous model. In the continuous model, the state of the system continuously changes over time, whereas, a discrete simulation model is applied where the system state changes only at discrete points of time (Leemis and Park, 2006). Discrete-event simulation (DES) is taken into account as a kind of dynamic simulation model. In this model, the state of the system immediately changes in response to explicit discrete events such as arrivals, departures, change of shifts, failure and inaccessibility of resources and entities. A discrete event simulation model is developed to formulate haulage operation constraints and restrictions for the optimization of a program. This method is based on the generation of some entities, passing through a network of servers (service stations) to do its mission. In the process, if a server is busy, the entities wait to begin their activity. In addition, there are several logic gates to send the entities to their proper destination (e.g. waste dump or ore crusher). One of the key aspects of the DES refers to specifying work duration for each activity such as loader service times, truck traveling times and material unloading times. To deal with this, historical time data is collected regarding haulage cycle times consisting of load, haul, dump and return processes. Then, a proper probabilistic distribution function is fitted into the time data.
A typical simulation model has a structure, which can be described by Figure 2 (Banks et al., 2005) . In Figure  2 , the first step is associated with formulating and stating a problem. The second step is involved in the system configuration, its boundaries, objective functions, decision variables and model parameters. In this step, a field data collection process is considered to provide the required input parameters for a simulation model. Conceptualization of a model refers to making simplifications about unknown and complex paradigms in a real system. In the next step, a simulation model is developed based on the computer format by using programming languages. Verification is performed to confirm if the simulation model (e.g. logical structures) is run correctly. Otherwise, a debugging process is necessary for the simulation program. For example, if there is a mission for a logic gate to send a truck to a certain destination, it'll be opened up after the truck's arrival. Otherwise, there is a mistake in the program and it is necessary to write an accurate code for opening after the truck's arrival. Validation is considered to guarantee if the established simulation model fulfills the requirements of the actual system and its functionalities. Otherwise, it would be essential to accurately model an actual operation to mitigate the deviations between a simulation model and the actual system. Running models and developing scenarios are performed to investigate the effect of various scenarios and parameters on the simulation model. As a matter of fact, a simulation model is established to recognize the system bottlenecks and weaknesses by considering and evaluating different scenarios. The final step is concerned with a description of the analyses results for the model. In a haulage operation simulation, there are two main logic gates consisting of truck arrival and departure incidents. These kinds of logic gates are utilized for different situations such as truck loading and delivery processes. According to Figure 3 , if a truck arrival event occurs, then two states are made for the haulage system. In the first case, the shovel is idle and ready for servicing the truck. In the second case, the shovel is busy and the truck goes to queue line (n=Queue Length). After completing the service and departure of a truck, the shovel starts a new servicing process if there is at least one truck in the queue line. Otherwise, the shovel becomes idle until another truck arrives at the shovel. In general, the inter-arrivals of trucks and service times of shovels are often characterized by the generation of random numbers from probabilistic distribution functions. Average values are formulated for service times and inter-arrival times according to Equations (4) and (5).
(4)
where: -average service time; -inter-arrival time; μ i -service time for each event; λ i -time between arrivals for each event; m -the total number of events. The probability that a server may be idle (P(e)) is introduced according to Equation (6): (6) where: e j -time interval during which a server is being empty; p -the whole number of servers that are idle; T -the total simulation time.
Solution process
The final step of Figure 1 is involved in the attainment of optimum solutions. In this step, decision variables are initially set to the model and then the DES model is run. The DES is connected to an objective function and the expected value is evaluated for the objective function. If the minimum number of trucks are allocated to the working benches, then the objective function requirements are satisfied and the optimum solutions are obtained for the allocation problem. Otherwise, another combination of decision variables are examined and the expected value of the objective function is computed. The process is repeated until the optimum combination of decision variables is reached. To complete the procedure automatically without recognizing and examining what-if scenarios, a Genetic Algorithm (GA) has been employed to attain the best solution. The genetic algorithm is taken into account as one of the common optimization methods for solving mixed integer programming models. In addition, it has the capability of obtaining global solutions for the optimization program. It is a search-based method, which does not capture local optimum solutions. The genetic algorithm contains several key phases, including coding value, population, selection, crossover, mutation and convergence criteria (Malhotra et al., 2011; Deep et al., 2009 ). The genetic algorithm is initially started by encoding a scheme to describe solutions over the search space. Then, a population of possible solutions are generated for the implementation of the optimization process. Thus, a fitness value is computed for each chromosome in the population. In the next step, a reproduction process is carried out using genetic operators comprising selection, crossover and mutation. To do this, the selection operator chooses a set of qualified chromosomes for the generation of new populations. Consequently, the crossover and mutation operators create the new chromosomes. The reproduction process is consecutively implemented until the convergence criteria is satisfied for the optimization program.
Case study
A case study is considered to establish an optimum allocation for trucks at the Sungun copper mine in Ta- briz, Iran. It is located in North-East Iran, in the East Azerbaijan Province. Figure 4 shows the location of the mine. The Sungun mine is considered as the second largest copper mine in Iran and it is estimated to have one billion tons of ore reserve in the mine. The mine haulage operation is accomplished through a loader-truck system. The mine contractor manages the haulage operation by using 25 to 30 trucks per shift. Different kinds of field data were collected for analysing the haulage fleet operation. Table 1 represents the gathered database for modeling the haulage operation system at the Sungun mine.
According to Table 1 , there are three working benches of ore (working benches 1, 2 and 3) and one working bench of waste (a fourth working bench). The extracted ore and waste materials are sent to the crusher and waste dump, respectively. The trucks of 60 tons are devoted to the third working bench and the trucks of 100 tons are assigned to working benches 1, 2 and 4. In addition, load, haul, dump and return times are reported with respect to each working bench in Table 1 . Based on the mine production schedule, the production plan is given in the Table 1 . Furthermore, the Sungun mine dispatching policy is associated with a fixed truck assignment. The collected data is implemented for modeling a haulage operation system in a discrete-event simulation model.
Modelling operation by discrete-event simulation
The haulage operation simulation was built in a MATLAB Simulink environment. A SimEvents toolbox is utilized for the development of a discrete-event simulation (MathWorks, 2015) . In the SimeEvents, a haulage operation process is derived through a combination of various blocks and their elements such as entity generator, queue, servers, attribute assignments, random event generators, route paths, logic gates and Function blocks. Figure 5 displays the general structure for a haulage fleet operation at the Sungun copper mine.
According to the simulation model in Figure 5 , all of the materials, loading system and trucks are initially generated and assigned to working benches. Then, loadhaul-dump processes are implemented. Afterwards, the materials are sent to the proper destinations and the empty trucks return for their next allocation.
Optimization results
A genetic algorithm was completed to achieve an optimum truck allocation for the simulation-based optimization method. The required quantity of trucks was computed considering operational heterogeneities. A reallocation process may be required if the number of available trucks changes due to undesirable scenarios such as the occurrence of failures or breakdowns. There are various methods to investigate and analyse truck failures and breakdowns such as conditional monitoring of the trucks (Morad and Sattarvand, 2013) , reliability-centred maintence (Morad et al., 2014) , the Cox proportional hazard model ( As an alternative, reserve trucks would be considered to be substituted for the failed trucks to meet the production targets.
In this step, the established simulation model was validated based on an actual operation. According to one shift of operation, the number of 2, 4, 3 and 4 trucks were assigned to working benches of 1 to 4, respectively. According to the simulation results, the amount of the transported materials were 2700, 7300, 3600, 8600 tons per shift from each working bench, respectively. These results were approximately accomodated to the actual operation. Therefore, the established model can be developed for similar situations.
In the next step, the established model was considered to find an optimum allocation of trucks for the working benches. In this case, the SBO method was developed for the model subject to meet the current production plans in a single shift. A particular production plan was devoted for each working bench so that it is essential to be met in a working shift. Table 2 gives the optimal quantity of trucks for working benches 1 to 4 in the simulation model.
As shown in Table 2 , three trucks should be assigned to each working bench to maintain the minimum amount of the planned production capacity. In addition, the cumulative number of trucks assignments are computed for the working benches 1 to 4 as 39, 60, 60 and 64, respectively. The production plans and cumulative number of trucks assignments have been derived for one working shift. Figure 6 indicates the amount of transported materials and the production targets for the working benches. The amount of the transported materials are greater than the planned production capacity. Thus, the production constraints are satisfied by a minimum number of allocated trucks. 
Results and discussion
The optimization results lead to find the optimum allocation of trucks to working benches with respect to existing operational and production constraints at the mine. However, it is necessary to analyse the simulation model to reveal the obstacles and bottlenecks for the mine haulage operation. Table 3 describes the simulation results for loader utilization, idle times and truck waiting times.
According to Table 3 , the highest and lowest utilizations of the loading systems coincide with the second and fourth working benches (79.9 and 32.6 percent), respectively. The utilization of the loading system is taken into consideration as one of the most important bottlenecks, avoiding to organize the haulage operation efficiently. In Figure 7 , average cumulative loader idle and truck waiting times are computed for each working bench during a shift roster.
According to Figure 7 , the maximum and minimum loader idle times are related to the fourth and second working benches. In contrast, the maximum and minimum truck waiting times coincide with the second and fourth working benches. The analyses reveal that the ratio of loader idle times to truck waiting times are computed 4.13, 0.76, 8.1 and 13.8 for working benches 1 to 4, respectively. According to the results of SBO, it would be recommended to consider a real-time dispatching strategy for the haulage operation. Thus, the mine pro-duction schedules are reached with a smaller size of haulage fleet and the utilizations are improved for the loaders.
Conclusions
This study was focused on developing a methodology for the optimal allocation of trucks to a loading system. In this regard, a simulation-based optimization method was proposed based on the simultaneous combination of optimization and simulation techniques. In this approach, an acceptable level of operational complexities and uncertainties were considered for the optimization problem. This procedure leads to the creation of a realistic allocation of trucks with respect to a dynamic environment. To analyse the model, the Sungun Copper mine was considered as a real case study. In the case study, a minimum number of haul trucks were assigned to each working bench and somehow, the planned production capacity was fulfilled for the mine production system. Three trucks were allocated to each working bench as the optimal solution. The amount of transported materials was 3900, 6000, 3600 and 6400 tons from each working bench, respectively. In addition, methodology has the capability of analysing operation details including utilization, truck waiting times, and idle times of the loading systems. For example, the utilization of loading systems was 49.2, 79.9, 44.3 and 32.6, indicating the haulage system does not work efficiently. According to the operation indicators, the bottlenecks were recognized for the whole of the operation at the mine site. Finally, improvement of haulage fleet deficiencies such as a real-time dispatching policy are recommended to promote system efficiency and productivity. 
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